Abstract-Increasingly advanced technology allows the monitoring of complex systems from a wide variety of perspectives. But the exploration of such systems from a multichannel sensor information viewpoint remains a complicated challenge of ongoing interest. In this paper, first, based on a well-designed double-layer distributed-sector conductance (DLDSC) sensor, systematic oil-water and gas-liquid two-phase flow experiments are carried out to capture abundant spatiotemporal flow information. Second, well flow parameter measurement performance of the DLDSC sensor is effectively validated from the perspective of normalized conductance. Third, a novel multiplex network-based model is presented to implement data mining and characterize the evolution of flow dynamics. The results demonstrate that the model is powerful for the exploration of the spatial flow behaviors from heterogeneity to randomness in the studied two-phase flows.
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I. INTRODUCTION

W
ITH the development of proper hardware, multichannel sensor system [1] - [3] has emerged as a key component for providing comprehensive understanding of complex systems, ranging from physics and chemistry to environment and biology. But the research about how to characterize the intrinsic dynamics underlying the complex system in terms of the acquired multivariate measurements is still in its infancy. The measurements from the multichannel sensor system are featured by the strong nonlinearity and coupling characteristics, which makes it difficult to address in a significant way. This calls for intensive research to come up with a novel robust information fusion model and to open up new research venues.
Two-phase flows [4] - [6] , existing as a primary kind of multiphase flow, occur in various industrial applications, particularly in the exploitation of chemical fields. Oil-water flows and gasliquid flows are two most common forms of them. These mixture flows display instabilities, transient and random behaviors, and can thus be considered as typical complex systems. The petroleum industry has developed rapidly in recent years, and the two-phase flows remain at the center of attention for many researchers. The flow media with diverse physical properties distribute themselves in a variety of spatiotemporal structures, which exhibit different intrinsic characteristics [7] , [8] . Revealing the spatial local flow behaviors of two-phase flows represents a significant challenge of ongoing interest.
Complex network [9] - [11] theory has undergone an explosive growth in recent years. The substantial and a large number of achievements emerging from different fields have demonstrated that complex network can serve as an efficient framework for describing and characterizing complex systems [12] - [21] . Quite recently, complex networks have been obtained and analyzed from time series, and many successful applications have been achieved in different fields [22] - [32] . Gao et al. [33] present a review of complex network analysis of time series. Moreover, because of the multiplex character of real-world systems, the interest of complex network has gradually changed from singlelayer network to multilayer network [34] , especially multiplex networks [35] - [37] . Up to now, this burgeoning theory has been applied in systems such as air transportation systems [38] , multiplayer online games [39] , information spreading [40] , [41] , and the diffusion process [42] .
In this paper, via combining the multichannel sensor measurement system and multiplex network theory, the complex spatiotemporal flow behaviors governing the evolution of oil-water and gas-liquid two-phase flows are effectively characterized, respectively. First, oil-water and gas-liquid two-phase flow experiments are carried out based on the multichannel sensor measurement system. Then, the concept of normalized conductance is introduced to validate the well flow parameter measurement performance of the double-layer distributed-sector conductance (DLDSC) sensor. Third, based on multiplex network theory, we develop a novel multiplex network-based sensor information fusion (MSIF) model for exploring multichannel sensor information. In particular, we obtain the weighted projection network in the MSIF model and then use the average weighted clustering coefficient [43] to make a quantitative assessment.
This paper is organized as follows. Section I gives the introduction to this research. Section II illustrates the DLDSC sensor measurement system and two-phase flow experiments. Experimental performance of the DLDSC sensor for flow parameter measurement is described in Section III. Section IV presents the MSIF model. Section V provides the application of the MSIF model to multichannel two-phase flow measurements. Section VI concludes this paper.
II. MULTICHANNEL SENSOR MEASUREMENT SYSTEM AND TWO-PHASE FLOW EXPERIMENTS
In this section, a multichannel sensor measurement system, namely DLDSC sensor measurement system, is first described. Then, systematic two-phase flow experiments are conducted.
A. Measuring Circuit of the DLDSC Sensor Measurement System
As an extension of the four-sector distributed conductance sensor [5] , we technically design a DLDSC sensor, as shown in Fig. 1 . The DLDSC sensor consists of two identical parts, namely up-structure and down-structure sector sensors, which are especially designed for capturing spatial multiphase flow information from different pipe positions. At the top of Fig. 1 , we give a schematic diagram of the voltage measurement circuit for one sector in the DLDSC sensor. The other sectors are the same. We obtain the voltage V m , which follows the real-time flow of the multiphase flow in the relative sector. The voltage V ref across a fixed resistance is captured as a reference to calibrate V m . Note that the measurement circuit consists mainly of the voltage follower, an amplifier, a phase demodulator, a low-pass filter, etc. The integrated circuit AD630 is selected as the phase-sensitive demodulator. The cutoff frequency of the low-pass filter circuit is set at 30 Hz. In particular, a 20-kHz sinusoidal exciting source is exploited in this voltage measurement circuit. The data processing part is realized under the LabVIEW operating environment, which allows realizing real-time data waveform displaying, storing, and analyzing.
B. Two-Phase Flow Experiments and Data Acquisition
Systematic two-phase flow (including oil-water flow and gas-liquid flow) experiments are carried out in a vertical 20-mm-diameter pipe. As shown in Fig. 2 , the flow loop facility including lots of instruments, such as tanks, pumps, valves, sensors, etc., allows conducting oil-water flow experiments and gas-liquid flow experiments, respectively. Note that the implementation of these two types of two-phase flow experiments is independent of each other. Blue and red dotted lines are utilized to illustrate them, respectively. Strictly speaking, the air compressor does not work during the oil-water flow experiments and the oil tank is isolated during gas-liquid flow experiments. In the multiphase flow experiments, the concept of the flow condition is common, and it means a relatively stable mixed flow state of the immiscible flow media. Inlet flow parameters, such as velocity, are utilized here to distinguish and label flow conditions. For both types of two-phase flow experiments, the sampling rate is 4 kHz and the sampling duration for each flow condition is 60 s. We acquire eight-channel measurements for one specified flow condition, in which the up-structure and down-structure sectors of the DLDSC sensor get four channels each. Then, we change the inlet flow parameters and repeat the above operation to generate a new flow condition and acquire again the experimental data. Note that, during the oil-water flow experiments, watercut (K w ) is first fixed, and then, the total flow velocity (V m ) gradually increases to generate new flow conditions. During the gas-liquid flow experiments, gas superficial velocity (U sg ) is first fixed, and then, the water superficial velocity (U sw ) gradually increases. These processes last until all the flow conditions are fulfilled. Concomitantly, a high-speed video camera is used to record complex and variable flow structures and states. The experimental processes for these two types of two-phase flows are described in detail in the following.
1) Oil-Water Flow Experiments:
For oil-water two-phase flow, the experimental flow media are tap water and white oil with a density of 856 kg/m 3 and a viscosity of 11.984 mPas. The flow condition in oil-water flows can be uniquely identi-fied via specific inlet flow parameters, including K w and V m . For each flow condition, the experimental process can be described as follows: First, the water and oil are pumped into the vertical pipe, respectively, by two peristaltic metering pumps, which can accurately control the volume flow rate of the flow media in light of the predefined K w and V m . The oil and water phase flow through a long vertical pipe until the oil-water flows reach a stable state, namely until the water and oil adequately mix and a steady flow condition occurs. Then, the double-layer multichannel experimental measurements of oil-water flows are acquired via the DLDSC sensor measurement system. Note that V m is in the range of 0.0184-0.2579 m/s and K w is set as 70%, 82%, 84%, 88%, 96%, and 98%, respectively.
2) Gas-Liquid Flow Experiments: For the gas-liquid twophase flow, the flow media is air and tap water. Superficial velocities of water and gas (i.e., U sw and U sg ) are two critical inlet flow parameters. Gas-liquid two-phase flow experiments are conducted in unit of flow conditions determined via U sw and U sg . For each flow condition, the water is first pumped into the vertical pipe via the peristaltic metering pump at a fixed U sw . Then, air is injected into the water phase at the corresponding U sg . After a good mixture of gas and water, the mixture flow reaches a stable flow state. Just like oil-water flow experiments, the DLDSC sensor measurement system is applied to capture the double-layer multichannel experimental information of gasliquid flows. Note that U sw is in the range of 0.4421-1.0315 m/s and U sg is 0.0737-0.4421 m/s.
III. EXPERIMENTAL PERFORMANCE OF THE DLDSC SENSOR FOR FLOW PARAMETER MEASUREMENT
With reference to vertical upward two-phase flows, the flow velocities of different flow media are distinct, arising from the factors including gravitational force, buoyancy force, etc. In concrete terms, the heavier medium possesses slower flow velocity compared to the lighter ones. As a result, the fraction of a particular flow medium in the pipe, often known as phase volume fraction, is discrepant with its proportion of the flow velocity. Particularly, water volume fraction serving as a critical flow parameter in the multiphase flow is able to quantitatively characterize the flow of water phase. In this paper, based on the double-layer multichannel measurements, the concept of normalized conductance G e [5] is introduced to assess the performance of the DLDSC sensor for water volume fraction measurement. The normalized conductance G e is defined as
In terms of the measuring principle of the DLDSC sensor, For all the experimental oil-water and gas-liquid flow conditions, we, respectively, calculate the normalized conductance G * e , and the corresponding results are displayed in Fig. 3(a) and (b). As can be seen, G * e presents layered structural features in both figures, which suggests that DLDSC sensor response is highly sensitive to the change of flow parameters, and it allows measuring the important flow parameters, e.g., K w , U sg , and U sw , for both studied two-phase flows. In concrete terms, for the oil-water flows, the flow condition with higher K w has larger G * e for each single V m , as shown in Fig. 3(a) , which is consistent with the fact that the DLDSC sensor system gradually captures larger equivalent conductance from the mixture flow associated with the increasing tap water. In the gas-liquid flows, the increase in the water phase or the decrease in the gas phase enhances the conductivity of the mixture fluid. The DLDSC sensor presents high resolution to this change of conductivity related to U sg and U sw . Layered structural features and upward trend of G * e are again observed in Fig. 3(b) . All these demonstrate that the DLDSC sensor allows effectively measuring complex flow parameters for both oil-water two-phase flow and gas-liquid two-phase flow.
IV. MSIF MODEL
We develop a novel MSIF model to provide an effective framework for analyzing multichannel sensor information. A schematic diagram of our model is presented in the lower part of Fig. 1 . For the double-layer sensor measurements, i.e., 1, 2, . .., p, we develop a novel multiplex network, namely modality-based multiplex network (MBMN), with two layers to characterize the studied two-phase flow systems. Note that the multiplex network, where the links in different layers denote distinct kinds of interactions between the same set of nodes, is a crucial characteristic of multilayer network.
Based on our previously proposed modality transition-based network theory [29] , we perform the following steps to construct the up-layer network W up of the MBMN from the up-layer sig-
where N represents the length of each signal and p = 4 denotes the number of channels in one of the layers.
1) First, we divide each channel of the up-layer signals into a multitude of subtime series with the data length equaling to l via a sliding window, where the window slides along time by a step of τ . For each window, we obtain four subtime series corresponding to the four channels of the up-layer signals, respectively. 2) Then, we calculate the correlation between any two subtime series in the same window by the following equation:
All six correlation coefficients including r 12 , r 13 , r 14 , r 23 , r 24 , and r 34 are set as the elements of a modality r 12 → A, r 13 → B, r 14 → C, r 23 → D, r 24 → E, r 34 → F . 3) We rank the six correlation coefficients incrementally to obtain a modality for each sliding window. For instance, if A < C < B < D < F < E, then we obtain the modality ACBDF E. The number of all possible modalities is equal to the strings of the permutations of A, B, C, D, E, F , i.e., 6! = 720. 4) We define each modality as a node and set all the nodes in a fixed order. Then, the directed and weighted connections between the nodes are determined in terms of the direction and times of the transitions among modalities. For instance, in the current step, we acquire the modality ABCDEF (e.g., node i), and in the next step, the modality becomes ABEF CD (e.g., node j), so we get one directed edge from node i to j and the w up ij pluses one. Self-transitions are excluded. For the down-layer signals x
, k = 1, 2, ..., p, we implement the analogous steps to obtain the down-layer network W down of the MBMN. The order of nodes is the same as the up-layer network. Finally, the above procedure allows us to infer a two-layer multiplex network with 720 nodes in each layer. The directed and weighted links in different layers reflect different transition processes of the modalities, which render our method particularly useful for uncovering complicated system behaviors.
We derive next a weighted projection network W u −d from the inferred MBMN, described as follows:
where W up and W down are the directed and weighted matrices of up-layer network and down-layer network, respectively. In Fig. 1 , we present a schematic diagram of the simplified MBMN with ten nodes in each layer and the corresponding directed weighted projection network derived from this multiplex network. The node with identical number in the up-layer network and down-layer network corresponds to the same modality. The structural skeleton of the network is drawn by the software MuxViz [44] .
Based on the inferred directed weighted projection network, we calculate the average weighted clustering coefficient to give a quantitative characterization of the dynamics. The weighted clustering coefficient [43] of node i is defined as follows:
where
represents the weight of the edge from node i to node j in the weighted projection network W u −d . The average weighted clustering coefficient for the W u −d can be calculated by
V. CHARACTERIZING SPATIAL TWO-PHASE FLOW BEHAVIORS VIA THE MSIF MODEL As a common type of multiphase flow, two-phase flows present strong nonlinear dynamics. Regrettably, despite the tremendous amount of work done on two-phase flows, the complicated flow mechanism underlying low-velocity two-phase flows is still elusive. In this section, we introduce the MSIF model and apply it to the fusion of multichannel DLDSC sensor measurements. In concrete terms, we derive the MBMN and the projection network from each flow condition. Subsequently, the average weighted clustering coefficient is extracted to give the quantitative characterization. The calculated results are shown in Figs. 4 and 5 corresponding to two types of two-phase flows, respectively. As can be seen, the average weighted clustering coefficient exhibits obviously different values for different flow conditions. They present monotone increasing trends for both oil-water and gas-liquid flows, which allow characterizing the evolution of spatial complicated flow behaviors and provide an intuitively and quantitatively evidence about the power of the MSIF model. First, we focus on the oil-water flows, as shown in Fig. 4 . In concrete terms, for each fixed K w , the average weighted clustering coefficient gradually increases to follow the change of flow dynamics in the oil-water two-phase flow. When V m is low, the oil phase of the mixture flow gathers into large oil slugs and oil bubbles, which slither slowly from the bottom up in the pipe, showing obvious quasi-periodic and heterogeneous flow features. With the increase of V m , the turbulence kinetic energy of the mixture flow is enhanced, and the large oil slugs are gradually broken into oil bubbles having a wide range of scales. When mapping these features into the relevant multiplex networks, the average weighted clustering coefficients of the projection networks maintain the increasing trend, suggesting that the spatial heterogeneous distribution is gradually weakened and the spatial local flow behaviors start exhibiting stochastic features. In particular, the increasing trend of the measures allows distinguishing spatial oil-water flow structures with different form and size, particularly for the oil slugs and bubbles under consideration.
For the gas-liquid two-phase flow, as shown in Fig. 5 , a rising trend of the average weighted clustering coefficient can also be observed when fixing the U sg . Gas and water possess completely different physical characteristics. With the change of flow parameters (i.e., U sg and U sw ), complicated force emerges on the interface of these two flow media, and the flow structures experience a series of instantaneous and unpredictable transitions. When the U sw is low, gas dominates the mixture flow and various sizes of gas slugs and bubbles occur in such a situation. Quasi-periodic and heterogeneous flow features emerge here just like in the previously mentioned oil-water flows. With the increase of U sw , large gas slugs and bubbles become unstable and are then crushed into small stochastic gas bubbles. Gradually increasing average weighted clustering coefficient exactly reflects these evolution of flow dynamics. This once again confirms the power of the MSIF model for distinguishing the state of two-phase flow conditions, evolving from heterogeneity to randomness.
These interesting results suggest that the average weighted clustering coefficient of the inferred weighted projection networks allows the characterization of the spatial flow behaviors in the two-phase flows. In summary, the increase in the network measures happens after the change of the spatial local flow behaviors from heterogeneity to randomness. These findings render our MSIF model particularly efficient to characterize spatial local flow behaviors of the two-phase flows in vertical pipes.
VI. CONCLUSION
Fusing and analyzing multichannel sensor information has unquestionably become a significant capability for the comprehensive characterization of the complex system. Here, a novel MSIF model is established and validated experimentally aiming at providing an effective framework for exploring multichannel sensor information. First, we design the multichannel sensor measurement system based on the DLDSC sensor. Second, from the perspective of normalized conductance, good performance of the DLDSC sensor for two-phase flow phase volume fraction measurement is achieved. Finally, the MSIF model based on MBMN and projection network analysis theory is exploited to characterize the two-phase flow systems. Especially, we find that the average weighted clustering coefficients are sensitive to the change of local flow structures and particularly allow the characterization of spatial local flow behaviors of both studied two-phase flows. Our findings suggest that our MSIF model enables to efficiently fuse multilayer multichannel signals for characterizing the complicated dynamical behaviors underlying a time-dependent complex system. Taking into account the generality of our MSIF model for information fusion, in a future research work, we will attempt to expand and apply this model to other fields, such as brain network analysis and industrial big data mining.
